Knowledge diffusion is argued to be strongly influenced by knowledge networks and spatial structures. However, empirical studies primarily apply an indirect approach of measuring their impact. Moreover, little is known about how policy can influence the spatial diffusion of knowledge. This paper seeks to fill this gap by empirically testing the effects of policy induced knowledge networks on the propensity of inter-regional patent citations. We use patent citation data for 141 labor market regions in Germany between 2000 to 2009, which is merged with information on subsidized joint R&D projects. Based on the latter, we construct a network of subsidized R&D collaboration. Its impact on inter-regional patent citations is evaluated with binomial and negative binomial regression models. Our findings do not indicate that interregional network links created by public R&D subsidies facilitate patent citations and hence, inter-regional knowledge diffusion.
Introduction
To sustain innovation and gain competitive advantage, firms and regions need to constantly innovate, which requires the utilization of internal and external knowledge (Lundvall and Johnson 1994; Sternberg 2000) . The utilization of external knowledge requires the diffusion of knowledge between organizations and across space. Since the pioneering work of Hägerstrand (1967) it is known that knowledge does not diffuse frictionless within socio-economic systems.
Despite technological advantages, geographic distance remains a significant obstacle. Other factors such as cognitive, institutional, organizational, and social distances add to an unequal, selective, and potentially too low diffusion of knowledge (Buisseret et al. 1995; Boschma 2005) . Policy has recognized this and established measures seeking to stimulate knowledge diffusion, foremost by subsidizing joint R&D projects (Buisseret et al. 1995; Broekel and Graf 2012) . The EU-Framework Programmes are a well-known example for such an initiative (Scherngell and Barber 2009 ).
Despite such initiatives existing for decades, evidence for a positive contribution to knowledge diffusion remains scarce. While their effects on firms' and regions' innovation activities has been frequently documented (Hewitt-Dundas and Roper 2010; Maggioni et al. 2014; Broekel 2015) , little to no evidence exists on their effectiveness for inter-organizational or inter-regional knowledge diffusion. The present paper seeks to fill this gap by using an empirical approach frequently applied to study the diffusion of knowledge in space. Following the work of Jaffe et al. (1993) , we used patent citations as indication of inter-regional knowledge diffusion and tested for the effect of joint R&D projects subsidized by the German Federal Government. Hence, besides modelling knowledge diffusion directly, we contribute to the literature by studying the effect of subsidized knowledge networks among regions of a single country, as most existing studies focus on knowledge diffusion at the European level (Maggioni et al. 2011 ).
In the empirical analysis, we use information on patents and patent citations for 141 German labor market regions between 2000 and 2009. On its bases, technology-specific knowledge diffusion, regions technological relatedness and co-inventor relations are established.
Following Broekel and Graf (2012) , we construct policy induced networks emerging from the subsidization of joint R&D projects by the German federal government, which are matched to the patent data.
The paper is structured as follows. The second section discusses the mechanism of knowledge diffusion between organizations and in space. The empirical data and variables are described in section 3. Section 4 introduces the empirical approach. The results of the analyses are presented in section 5. Section 6 concludes the paper with a short summary, and discussion on its limitations, future research prospects and political implications.
Theoretical Considerations

Knowledge diffusion, networks, and proximities
It has long been established that knowledge creation and innovation are closely linked to knowledge diffusion. Kline and Rosenberg (1986) emphasize the central role of frequent knowledge exchange between economic actors in their "chain-linked model". Here, innovations processes consist of feedback loops, forward and backward linkages, as well as other interactions between actors internal and external to an organization. In line with this, Schrader (1991) confirms a positive correlation between firms' economic performance and the frequency of informal inter-firm interactions. Zucker et al. (1998) add to this by finding cooperation between biotechnology firms and scientists positively impacting product innovation.
In general, knowledge diffusion can be described by individuals (senders and recipients) (un)intendedly sharing their knowledge via (in)direct communication (Witt et al. 2007 ).
Successful knowledge diffusion dependents on the senders' intentions and capacities to communicate (Ibid.) as well as on the recipients' willingness and abilities to recognize and absorb knowledge (Cohen and Levinthal 1990; Lundvall and Johnson 1994) . The ability to assimilate new knowledge tends to be greater "when the object of learning is related to what is already known" (Cohen and Levinthal 1990: p. 131) . Therefore, it is positively influenced by the cognitive overlap of two actors' cognitive "interpretation system[s]" (Nooteboom et al. 2007 (Nooteboom et al. p. 1017 . These arguments are frequently summarized as cognitive (alternatively technological) proximity between actors positively influencing the likelihood and effectiveness of knowledge diffusion. In addition to cognitive proximity, Boschma (2005) argues in favor of four additional proximities that make knowledge diffusion more likely and effective: organizational, institutional, social and geographic proximity. Organizational proximity is a control-related dimension: relations with high organizational proximity are embedded in the same business routines, hierarchies, and value system, e.g., being part of the same firm (Balland 2012; Loasby 2001) . Such circumstances tend to help dealing with uncertainty and opportunism, which in turn facilitates knowledge diffusion (Boschma 2005) . Similar can be said when actors are embedded in the same institutional framework, which implies that they share the same norms and formal rules (Boschma 2005) . Hägerstrand (1952 Hägerstrand ( , 1965 Hägerstrand ( , 1967 promoted the view of geographic distance being an (and maybe "the") explanatory factor for knowledge diffusion. Geographic proximity tends to facilitate face-to-face interactions and mutual trust, which are necessary conditions for successful knowledge ex-changes (Howells 2002) . However, Boschma (2005) pointed out that geographical proximity is neither necessary nor sufficient for knowledge diffusion, as other forms of proximity are similarly crucial. Besides geographic proximity, Hägerstrand (1965) also suggested knowledge diffusion being closely related to the embeddedness of actors into social relations, e.g. kinship or friendship. Social interactions consist of multilateral, interdependent and multilevel network relations that may serve as (in)direct knowledge channels (e.g., Tijssen 1998 , Maggioni et al. 2007 ). This is commonly referred to as social proximity (Boschma 2005) .
Knowledge diffusion and proximities -what about R&D policy?
Given that one or multiple of these proximities are frequently absence or weakly developed, inter-organizational knowledge diffusion can be expected to be below a social optimum. As this may reduce innovation, policy intervention can be justified (Buisseret et al. 1995) . While different approaches exist to deal with this, policy mostly provides monetary incentives in form of subsidizing joint R&D projects to increase inter-organizational learning and knowledge diffusion (Breschi and Cusmano 2004; Broekel and Graf 2012; Broekel et al. 2015) . Usually, organizations can apply for project funding within the scope of policy-defined calls and by providing information on their projects' aims, required resources, partners, and expected outcomes. A well-known example of such an initiative are the EU-Framework Programmes (EU-FRP). The EU-FRP has become the most important R&D policy tool of the European Union. For the period 2014 to 2020 it involves about 80 billion €, which are granted in form of subsidies to R&D projects (for a more detailed discussion see e.g. Breschi and Cusmano 2004) .
Here, the subsidies are exclusively granted to projects in which organizations conduct R&D in a collaborative manner. Similar programs also exist at the national level. For instance, in Germany, the Federal Ministry of Education and Research as well as the Federal Ministry of Economics and Energy invest about 3-4 billion € each year as subsidies for project-based R&D.
About 30 % of the subsidies are granted to collaborative R&D projects (Broekel and Graf 2012) .
Crucially, cooperating organizations are obligated to write a cooperation agreement in which they grant access to their intellectually property rights that a necessary to conduct the project.
In these cases, financial support is only granted when all participants agree on exchanging knowledge within the scope of the project. This includes the use of property rights, access to technical expertise and regular face-to-face meetings (BMBF 2008) . Accordingly, subsidized joint R&D projects bear the potential of facilitating if not enabling inter-organizational knowledge diffusion (Broekel and Graf 2012) . The rather limited existing research on this issue
shows that knowledge generation of regions and organization is positively associated with participating in subsidized joint R&D projects. For example, Fornahl et al. (2011) discover that biotechnology firms engaged in subsidized collaborative R&D have higher patent output than firms not receiving such funds. Maggioni et al. (2014) and Broekel (2015a) confirms this for the regional level. However, we argue that these studies do not provide direct empirical evidence for a direct knowledge diffusion-enhancing effect of subsidized joint R&D projects.
The indirect and direct approaches of analyzing spatial knowledge diffusion
Traditionally, knowledge diffusion studies investigated the inter-organizational 1 knowledge diffusion by empirically tracking inventions, applications, or products over time and space (see Hägerstrand 1952; 1965; 1967; Rogers 2003) . The primary interest of these studies was to find re-occurring patterns of (spatial) knowledge diffusion and to analyze the extent to which these dimensions represent significant obstacles to knowledge diffusion. More recently, this research tradition, among others, has stimulated the analysis of publication and patent citation patterns, which are seen as indications of knowledge diffusion (Jaffe et al. 1993) . By studying the spatial structure of patent citations, these authors show that patens are more likely to cite other patents if their inventors are located in geographic vicinity. Breschi and Lissoni (2009) extend this research by using the same approach and identify limited geographic mobility of inventors being primarily responsible for this finding, as they tend to cite their older patents assigned to their previous employers. Since then, the evaluation of patent (and publication) citation has been used frequently to evaluate spatial knowledge diffusion (Peri 2005; Maggioni et al. 2007; Paci and Usai 2009; Hoekman et al. 2009 ). Interestingly, this, what we call "direct approach", has not been used to study the effectiveness to subsidized joint R&D projects, as vehicles of knowledge diffusion.
When testing the effect of subsidies for R&D projects on inter-organizational knowledge diffusions, researchers seem to be primarily inspired by another literature that focuses on the relevance of spatial knowledge spillovers. In this line of research, studies relate the innovation output of individuals, organizations, and regions to the knowledge potentially available to them (e.g., Bode 2004) . Inspired by the classic knowledge production function approach, Griliches (1979) and Jaffe (1986) argued that the difference between observed innovation output and knowledge of an innovation-generating entity (inventors, organizations, regions), can partly be explained by the entities use of external knowledge that was absorbed through various mechanisms, i.e. by knowledge diffusing between the entities. In the spatial knowledge spillover literature, researchers extend the individual knowledge input of entities by their potential access to external knowledge. For instance, studies assessing the innovation performance of regions consider a wide range of regional characteristics approximating their knowledge endowment, e.g. presence of high-tech industries, universities, etc. (Broekel and Brenner 2011) . This set of factors is extended by variables describing the knowledge endowment of neighboring regions (usually the spatial lag of their innovation output). If the latter show a positive correlation with the innovation output of the focal region (while controlling for its own knowledge endowment), it will be interpreted as a confirmation of knowledge having diffused from the neighboring regions into the focal region and thereby contributed to its innovation generation (Bottazzi and Peri 2003) .
The same approach can be transferred to test for the effect of knowledge networks. In this case, the positions of entities in inter-organizational knowledge networks are plugged into the knowledge production function approach replacing or complementing the spatial lag of other entities' innovation output (Maggioni et al. 2014 ). The latter is usually described in terms of their local (degree) or global (betweenness / eigenvector) centrality. Larger centralities imply a "better" access to the knowledge potentially diffusing in the network. Hence, if the innovation output (or its change) is found to be statistically related to the centrality measures, it is inferred that the correlation is caused by the better access and ultimately use of the diffusing knowledge.
The before mentioned studies by Fornahl et al. (2011) and Maggioni et al. (2014) use this approach to assess the significance of subsidized knowledge networks for knowledge diffusion.
While this "indirect approach" is elegant and has its merits, it has one major flaw in this context:
whether knowledge is actually diffusing between entities and is utilized by these, remains unobserved. This implies that the evidence for an enhancing effect of R&D subsidies on knowledge diffusion, which is largely based on this approach, remains subject to interpretation.
The present study therefore seeks to complement the existing evidence on the effectiveness of R&D subsidies using the "direct approach". Following Jaffe et al. (1993) , we use patent citations to approximate knowledge diffusion. While it is also troubled by the unobserved knowledge sourcing and utilization, it is a much more direct approach and avoids many issues of spurious correlation that are likely troubling the indirect approach.
3 Data and empirical approach
Modelling knowledge diffusion
We follow Jaffe et al. (1993) and Breschi and Lissoni (2009) and rely on patent citations to model knowledge diffusion. Within the knowledge spillover literature, patent citations are an often used "paper trail" that "track" knowledge diffusion (e.g. Jaffe et al. 1993; Peri 2005) .
Patent citations are argued to be an indicator of knowledge transfer and accumulation, as the citing patent builds its knowledge upon a piece of the existing knowledge of the referred patent (Jaffe et al. 1993 ). According to Howells (2002) , patents are a proxy for tacit knowledge flows, since it is necessary to recognize, understand, and recombine the codified knowledge, imprinted in the patent.
However, making use of patent citations brings along some issues and limitations that must be carefully considered (Breschi and Lissoni 2004) . First, patent citations may only account for knowledge flows that are encodable, commercially exploitable and legally patentable (Criscuoloa and Verspagen 2008) . Moreover, the propensity to patent in the first place significantly differs between industries, e.g. only 8% of product innovations are patented in the textile industry, while the share is almost 80% in pharmaceuticals (Arundel and Kabla 1998) .
Therefore, patents capture only a portion of the created knowledge and correspondingly, their citations only a fraction of the knowledge circulating between innovators (Criscuoloa and Verspagen 2008) . Second, patent citations may be a noisy indicator as usually not all citations are made by the inventor himself. Submitted patents will be checked by examiners who probably add further citations where appropriate (Jaffe et al. 1993) . Fortunately, the European Patent Office (EPO) specifies which citations have been made by the inventor and which have been added by the examiner. Moreover, it has been argued that at the regional level (which we will use in the later analysis) these issues are of smaller relevance and patent citations may be a good indicator of possible spillovers, even though it is not sure that these potentials have been realized in all cases (Paci and Usai 2009) .
The data on patents and citations is taken from the REGPAT and Citations Database provided by the OECD. In contrast to other patent data sources, patents have already been assigned to the regions of inventors' residence. Patents that have been developed by more than one inventor, have been weighted accordingly (fractional counting). Considering the beforementioned limitations, we exclusively rely on patent citations identified as 'inventor citations'. Moreover, to diminish biases stemming from intra-organizational citations or inventors' self-citations, we remove all intra-regional citations. We also remove citations from different inventors and regions, which share the same applicant (company), which will further reduce the likelihood of theses citations representing intra-organizational knowledge flows. 2 To reduce the biases stemming from variations in industries' patent and citation activities, we restrict the analysis to individual technologies, i.e. we only consider technology-specific knowledge flows. That is, we exclusively consider citations between patents belonging to the same IPC-subclass (4-digit level).
The empirical analysis is conducted at the regional level because we are interested in spatial knowledge diffusion (e.g. Maggioni et al. 2014; Broekel 2015) . The approach avoids potential biases caused by unclear assignments of patents to applicants. We use the 141 German labor market regions classified by Kosfeld and Werner (2012) . Labor market regions are an oftenapplied regional unit of analysis (e.g. Frenken et al. 2007; Broekel et al. 2015) , especially when patent data is used. They ensure that an inventor 's workplace and residence are most likely located in the same region and hence, in the same unit of analysis (Broekel 2015) .
The most important variable is the citation frequency between two regions. The variable, with the literature since most patents lose their economic impact within this time frame (Griliches 1979) .
Knowledge diffusion channels and regional characteristics
The variable we are most interested in is the intensity of subsidized R&D projects, in that organizations of two regions jointly participate. Data on subsidized collaborative R&D projects is obtained from the subsidies catalogue of the German federal government ("Förderkatalog").
According to Broekel and Graf (2012) and Broekel (2015) , joint R&D projects listed in this database are intended to stimulate collective learning and knowledge diffusion. For instance, to acquire financial support for a joint R&D project, all participants must agree on certain rules that facilitate collaboration and knowledge exchange. Moreover, all intellectual property rights lying within the scope of the project and that existed before project start, must be revealed if demanded by the partners (BMBF 2008) . The partners moreover have frequent face-to-face interactions in consortia meetings. They usually have a proven track record of R&D and have convinced application reviewers that their projects (and their partnership) has the potential to become successful.
All projects listed in the subsidies catalogue have been assigned to a "Leistungsplansystematik" (LPS), which is a thematic classification scheme similar to the IPC.
The classification includes 22 main classes, for example biotechnology or nanotechnology.
These main classes are further divided into more differentiated subclasses (e.g. photonics (class: I25020)) (Broekel and Graf 2012) . Based on these subclasses and the project descriptions, we manually matched 87 4-digit IPC subclasses to about 400 thematic subclasses of the subsidies catalog. Accordingly, we can differentiate between 87 technologies for which information on R&D subsidies and patenting are available (the technologies are listed in the Appendix, Table   3 ). In line with Broekel and Graf (2012) restrict the analysis to projects with at least three participants. Moreover, we neglect all intraregional relations as these are of no interest in the context of the paper.
In accordance to the patent data, the subsidies data includes information on the projects' exact starting and ending dates making the construction of a moving window unnecessary. We consider a 3-and 5-year time lag to the citation variable !"#$,j,%,s as we suspect a time lag given between the cooperation, i.e. the potential knowledge exchange, and the patent citation, i.e. the usage of this knowledge. To make sure that our results are robust we decide to test for two time lags.
Different types of proximity influence the likelihood of knowledge diffusion between two regions (see Section 2.2) 3 . We mainly include these into the models as control variables. The first considered knowledge diffusion channel approximates social proximity. The intensity of social proximity is measured by the strength of co-inventor ties. The co-inventor network is constructed in two versions denoted as CO. INVi, j, s and CO.INVi, j, ,s. A co-inventor relation between region i and j exist when two inventors, one from each region, have worked together on the same patent in technology s. It is usually interpreted as these two inventors having met personally and hence have established a personal relation. Accordingly, the frequency of such co-inventor relations signals the strength of the social relations (of inventors) between two regions. We include this variable in a three and alternatively a five-year time lag to the citation variable, to avoid problems of endogeneity and the possibility that citations directly emerge from co-invented patents. The other proximity types are defined the following. Geographic proximity is captured by the variable )"*#$,j, which is specified by the great circle distance between the centroids of region $ and & in kilometers and divided by 100 in order to scale the variable.
The construction of technological proximity (TECHi,j) is somewhat more complex. We follow the early work of Jaffe (1986), Engelsman and van Raan (1994) and Verspagen (1997) and estimate the cosine similarity between regions' technological profiles. In practice, for each of the 141 German labor market regions, we count the applied patents of each IPC subclass resulting in a 141 (regions) x 629 (technologies) matrix. In the next step, we calculate the cosine similarity between each region and obtain the 141x141 technological relatedness matrix for 2000 to 2009, which serves as a technological proximity measure.
Boschma (2005) describes organizational proximity as a control-related dimension: high organizational proximity means that relations are embedded in the same organizational routines and hierarchies. We seek to capture this by the organizational proximity (ORGi,j) measure. It represents the number of patents, which are invented by the same organization with inventors from both regions i and j. enhancing inter-regional knowledge diffusion, the coefficients of SUBS can still give some indication on whether the subsidization of R&D activities will lead to larger citation activities or to research that is more frequently cited.
Descriptive statistics for all variables are listed in Table 1 .
Empirical modelling
Our aim is to explain the intensity of knowledge flows (!"#$,j,%,s,) between regions with the variables introduced above and particular emphasis on the impact of R&D subsidies. In a common manner, we employ a gravity model approach. Based on the work of Isard (1954) and Tinbergen (1962) , the gravity approach is a conceptual framework frequently used in investigations of trade and migration flows as well as tourism and commuting interactions (Burger et al. 2009 ). It has also previously been used to estimate knowledge flows between regions (see Peri 2005; Maggioni et al. 2007; Paci and Usai 2008; Hoekman et al. 2009 ).
The basic expression of a gravity model can be written as follows (Burger et al. 2009; Hoekman et al. 2009 ):
" +,-= 0 1 2 34** + 1 5 34** -
)"*#4'!( +,-
Where "$, is the intensity of interaction between two entities, i.e. the amount of knowledge flows between region i and j. The "masses" of origin i and destination j are individual regional characteristics potentially influencing this interaction intensity. In this paper, the number of regional patents (PAT) and subsidies (SUB) represent the "MASS" variables.
DISTANCEi,j represents the dyadic relations (e.g., geographical distance) between region i and j. Crucially, the model is not restricted to two masses and one distance variable, as in practice, it is logarithmized transforming the equation into a standard (log)linear regression equation, which can include many more explanatory variables (see for a detailed discussion Broekel et al. 2014 ).
Our data sample consists of patent citation relations among 141 German labor market regions in 87 IPC classes over a period of ten years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) . This gives us slightly more than 16 million observations. 34,487 of these are positive (CITi,j,t,s > 0). Notably, we define a positive case if at least one citation occurred between a pair of regions in any of the ten years.
Fitting a regression model to this vast amount of data with just 0.2% non-zero observations would lead to methodological as well as computational difficulties. We therefore reduce the data by randomly matching one positive case with two negative cases. More precise, each positive case of !"#$,j,%,s > 0 is matched with two zero-cases of !"#$,&,%,s = 0, whereby one of these zero-cases is randomly drawn from the zero-cases of the citing region i and one from the set of zero-cases of the cited region j. Hence, our zero-cases share many characteristics of the positive cases.
The matched sampling has 255,493 observations of which 34487 are positive (!"#$,j,t,s > 0), i.e. 13,5% of the sample. The ratio is less than 1:3 because the figure is estimated considering all years, while CITi,j,t,s > 0 might only be positive in one all of these.
Given that our dependent variable, CITi,j,t,s, is a count variable, Poisson or negative binomial regression models are generally appropriate. We decided to calculate a binomial and a negative binomial regression. The binomial regression will provide insights into the probability of inventors in two regions citing each other at all. The negative binomial part seeks to explain the variance in the citation intensities for the sample of observations with at least one citation between 2000 and 2009.
The regressions utilize the panel structure of our data, which allows for including technology-and time-fixed effects controlling for unobserved time invariant effects. Moreover, we also include the lagged version of our dependent variable (CIT.LAGi,j,t,s) to capture any remaining unobserved and time-variant structures. It is lagged by six years to the dependent variable ensuring no overlap in the citations used in its construction.
Empirical Results
We have estimated four regression models in total: two binomial models distinguishing between inter-regional citations and no inter-regional citations and two negative binomial models explaining the magnitude of inter-regional citations, both with varying time lags of three and five years. The results are presented in Table 2 (3-year time) and Table 5 in the Appendix (5-year time lag). The results are very robust across all models. We will therefore interpret all outcomes at once.
Mostly, our control variables behave according to our expectations. Increasing geographical distance (DISTi,j) between two regions decreases the probability of positive citation counts (binominal model) and the magnitude of inter-regional citations (count model). This confirms the geographically localized nature of knowledge spillover (Jaffe et al. 1993; Storper and Venables 2004) . Technological proximity (TECHi,j) has a positive and significant impact on the existence of inter-regional citation in general (binominal model) and on their intensity (count model). The finding is in line with those of (Peri 2005) and supports the idea of actors being more likely to seek and absorb new knowledge in cognitive proximity to what they already know (Cohen and Levinthal 1990) . Contrary to our expectations, organizational proximity (ORGi,j,t) mostly obtains a significantly negative coefficient in the binomial model. It means that region pairs with strong organizational linkages are less likely to cite each other. We suspect that this finding might be caused by our data cleaning in which we removed all citations associated to patents of the same applicant and with the inventors residing in two or more regions. Accordingly, in the construction of the dependent variable, we removed intraorganizational citations, which are closely related to patents with multiple inventors and one applicant, which provide the underlying information for ORGi,j,t. In light of this, it is somewhat surprising to see ORGi,j,t gaining a significantly positive coefficient in the count model suggesting that once citation links are established between regions, organizational proximity facilitates these and supports knowledge diffusion.
We interpret this contradictory finding as an indication of large organizations acting as gatekeeper (Giuliani and Bell 2005) . Sometimes they help other organizations in establishing inter-regional linkages, which these, for various reasons, are not able to build otherwise. In network science, this corresponds to the triadic closure argument: partners are likely to connect to partners of their partner (e.g., Granovetter 1973) . Accordingly, large organizations with facilities in multiple regions may stimulate other actors in these regions to interact with each other. However, our results suggest that this effect only comes into play when at least one organization other than the large one has managed to establish such a link. As ORGi,j,t is primarily included as a control variable, we refrain from exploring this issue in greater detail and leave it to future research.
The findings for our measure of social proximity clearly confirms the crucial role this plays for spatial knowledge diffusion. CO. INVi, j, s and CO.INVi, j, The last control variable, CIT.LAGi,j,t,s is measuring the citation intensity between regions in the previous period. It is significantly negative in the binomial model and significantly positive in the count model. Accordingly, if inventors in region i cite patents of inventors in region j, it is unlikely that they cite each other again in the subsequent period. However, in case they do it, their citation intensity will grow. With some speculation, we can interpret this as a kind of "probing" behavior. Inventors will tap into other regions' knowledge bases to solve specific problems. However, if the problem is solved, their interest in keeping these relations vanishes.
In some cases, though, the regions' knowledge bases turn out to be complementary leading to increasing cross-citations and intensifying knowledge exchanges. The observation might also be related to the vary erratic patenting numbers characterizing in many (and particularly smaller) regions (Buerger et al. 2012) , which translate into erratic citation numbers. In case of regions with few patents, a decrease in these is likely translating into the vanishing of many inter-regional linkages created by previous patents' citations. While the decrease in patents will also lower inter-regional citation frequencies of regions with many patents, their cited patents' set of regions is likely to remain intact due to the higher levels of citation frequencies.
Our results clearly support the idea of proximities and general economic as well as technological structures shaping the spatial diffusion of knowledge. The question remains, if policy can impact the diffusion by subsidizing R&D projects, which provide a framework for inter-organizational learning.
The variables SUBS.'(#$,&,(%−3)
,s as well as SUBSi,t,s and SUBSj,t,s answer this question. (and SUBS.'(#$, &, ,s) remain insignificant in all models. Accordingly, joint projects with participants form multiple regions do not facilitate inter-regional knowledge flows, at least when these are measured by patent citations three or five years after the project, respectively. This clearly contradicts our expectations and contrasts the findings of Fornahl et al. (2011) and Broekel (2015a) , which however, employ an indirect empirical approach. That is, they investigate the relation between organizations and regions probable exposure to knowledge flowing through subsidized joint R&D projects and their innovation output. With the more direct approach used in this paper, we fail in replicating their findings. There are multiple reasons that may cause this result. First, partners in subsidized joint R&D projects may use these subsidies as windfall gains by using subsidies to strengthen already existing collaboration, which knowledge exploitation potential have already depleted. Second, many subsidized R&D projects may also not result in any patents and according citations. Third, subsidized joint projects may fail in establishing relationships that outlast the length of the project. While the knowledge exchange might happen during the project, the inventive process might exceed projects' durations (which is on average close to 36 months) and our time lags of 3 and 5 years. Fourth, the collaborative feature of joint R&D projects covered by our data may simply be insufficient for significant knowledge exchange. Clearly, further work, which may have more detailed data available may shed additional light on these issues.
SUBS.'(#$,&,(%−3),s
More promising results (from a policy perspective) are obtained for the number of subsidized projects acquired by regional organizations. The variables SUBSi,t,s and SUBSj,t,s are significantly positive in all binominal models, i.e., the more projects are acquired by regional organizations, the more likely these regions' inventors are citing and get cited. However, this is not consistently true in the count models. Here, only SUBSi,t,s, is positively significant, i.e., the number of subsidized projects in the citing region. The number of projects acquired by the cited region (SUBSj,t,s) is mostly insignificant. Accordingly, organizations in regions that are more successful in project acquisition are more likely to create (patent) output that refers to the work of inventors outside their region. Hence, the subsidization of projects seems to stimulate external knowledge sourcing. Unfortunately, if this sourcing goes beyond already existing contacts cannot be tested. The insignificance of SUBSj,t,s implies that (subsidized) research of cited regions does not produce findings that are recognized and utilized by actors outside the region at an above average rate. Put differently, if citations are interpreted as impact indicator, their research's impact does not seem to exceed the average. Hence, subsidies are granted to organizations in regions, which research impact is not outstanding.
4 This is in line with Broekel et al. (2015) who discovered that in contrast to the EU-Framework Programmes, research excellence at the regional level does not seem to be the primary allocation determinant of R&D subsidies granted by the German federal government.
Conclusion
Despite being one of its central aims, few attempts have been made evaluating the contribution of subsidies for joint R&D projects on inter-organizational and inter-regional knowledge diffusion. Most existing studies follow a knowledge production function approach, to test for such policy's effectiveness (Maggioni et al. 2014; Broekel 2015; Broekel et al. 2015) .
We argued that the traditional literature on knowledge diffusion offers a more direct approach for assessing the contribution of R&D subsidies to inter-regional knowledge diffusion. By following the work of Jaffe et al. (1993) and others, we used patent citations as indication of knowledge diffusion, which are related to subsidies for joint R&D projects by the German national government. We aggregated the data to the level of German labor market regions during the years 2000 to 2009. While our results confirmed the diffusion hampering effects of different kinds of distances (cognitive, geographical, social, organizational), we did not find clear evidence of subsidies significantly stimulating inter-regional knowledge diffusion. While they seem to enhance organizations' ability to source knowledge in other regions, subsidizing inter-regional collaboration does not increase the intensity of subsequent patent citation intensity. Accordingly, we fail to confirm existing evidence obtained by the indirect, knowledge production function type approach (Ponds et al. 2009; Fornahl et al. 2011; Broekel 2015) .
While our results cast fail to deliver support for project-based R&D subsidies achieving one of their primary objectives, there are a number of shortcomings that put our results into perspective. These may also serve as possible starting points for future research. First, by aggregating the data at the regional level, we reduced some of the inherent limitations of patent data. However, when data is available, the organizational level is certainly more appropriate for such kind of analyses. Consequently, the findings must be interpreted with caution as there is the threat of aggregation biases or "ecological fallacy" (Downs and Mohr 1976: p. 707 ).
Second, while providing more general results, this and similar studies also lack the detailed insights, which can be obtained with qualitative research. For example, the "innovation biographies" approach by Butzin (2009) , may be used to study the impact of R&D subsidies on knowledge diffusion in more depths. Third, the study also shares the well-known and frequently discussed limitations of patent data (Griliches 1998) . Particularly, patent citations may only account for knowledge flows that are encodable, commercially exploitable and legally patentable (Criscuoloa and Verspagen 2008) . Thus, our paper only considers knowledge flows that led to new patents and cite the corresponding ones. However, an organization might develop a new product without patenting it, as the organization uses other ways of securing their intellectual property (Cohen et al. 2000) . In this case, knowledge diffuses from one region to another without leaving a trail in patent data. The extent to which innovations and thereby knowledge diffusion are covered by patent data varies significantly between industries (Arundel and Kabla 1998) . This makes a comparison of patent-based observations difficult across industries. In order to minimize the likelihood of an inter-industry bias in the use of patent data as indication of knowledge diffusion, we decided to exclusively consider technology specific patent citations excluding citations between technologies. Future studies might be able to tackle this issue in other ways and hence, might be able to exploit the full breath of patent citations.
In addition, future research should make use of alternative data sources to measure knowledge diffusion. One way could be to relate firms' product portfolio diversification to their cooperation activities, as their diversification might be the consequence of obtaining and transforming new knowledge. The study's fourth short coming is the consideration of only one specific type of subsidies, i.e., those granted by two ministries of the German federal government. Hence, our findings remain restricted to these programs as other subsidization schemes such as the EU-Framework Programmes or local policy initiatives might induce different processes and be more effective. Clearly, more research is needed in this direction.
In addition to these shortcomings, there might be other processes that might be responsible for our finding of R&D subsidies not enhancing inter-regional knowledge diffusion. It has been frequently shown that joint R&D projects tend to bring together organizations in geographic, cognitive, organizational, social, and institutional proximity (Breschi and Cusmano, 2004; Scherngell and Barber 2009; Balland 2012, Broekel and Hartog 2013a; 2013b ). Yet, these are precisely those constellations that are most likely to emerge without subsidization. It can therefore be argued that to stimulate knowledge diffusion, policy should try to stimulate interactions among organizations that are rather unlikely to interact in the first place. For instance, if subsidized collaboration primarily connect partners at low cognitive distances, their learning potentials are rather small implying relatively low possibilities for mutual referencing (e.g. in form of patent citations) because they are already familiar with each other's work.
Similar arguments apply in the case of organizations sharing a long history of collaboration, which also seem to frequently team up in subsidized joint R&D projects (Breschi and Cusmano 2004) .
In summary, our paper marks an additional step towards a better understanding of the effects and effectiveness of subsidizing joint R&D projects. Yet, as the discussion shows, the study opens a barrage of additional issues that hopefully will be addressed by future research. 
